ABSTRACT: Computational chemists typically assay drug candidates by virtually screening compounds against crystal structures of a protein despite the fact that some targets, like the µ Opioid Receptor and other members of the GPCR family, traverse many non-crystallographic states. We discover new conformational states of µOR with molecular dynamics simulation and then machine learn ligand-structure relationships to predict opioid ligand function. These artificial intelligence models identified a novel µ opioid chemotype.
Introduction and Methodological Advance
A single class of proteins, the G-Protein Coupled Receptors (GPCRs), comprises over one-third of the targets of all FDA-approved drugs 1 . One such GPCR, the µ Opioid Receptor (µOR), epitomizes the benefits and drawbacks of existing GPCR drugs. Opioid chronic pain medications, such as morphine and hydrocodone, are µOR agonists that achieve their main therapeutic aim of analgesia, yet cause severe side effects, such as respiratory depression and addiction 2 .
Like other GPCRs, µOR is not a binary switch. Rather, biophysical experiments indicate that GPCRs in general 3, 4 and µOR in particular [5] [6] [7] [8] [9] traverse a spectrum of conformational states.
Our central thesis is that µOR samples a multiplicity of functionally relevant and pharmacologically predictive states. We have tested this hypothesis by developing novel computational methods to identify and incorporate these states, both yielding an increased AUC in opiate activity prediction and empowering the discovery of new opioid scaffolds.
Specifically, we posit that identifying important µOR states beyond the two crystal structures 10, 11 would improve the ability to predict the activity of ligands at the Receptor.
To test this hypothesis, we conducted long timescale MD simulations of µOR either unliganded or bound to one of several agonists: BU72 12 , Sufentanil 13 , TRV130 14 , and IBNtxA 7 , providing a heterogeneous yet comprehensive spectrum of conformations that µOR can adopt. This dataset expands upon previous works 15, 16 which focus on the conformational dynamics of the receptor. To systematically process such a large parallel MD dataset, consisting of an unprecedented 1.1 milliseconds of µOR simulation, we apply a kinetically motivated machine learning approach that (1) identified the reaction coordinates of µOR using the cutting-edge Sparse tICA algorithm This unsupervised step uncovered key conformations of µOR, consisting both of intermediates between as well as non-canonical states distinct from the crystal structures (Figure 1 , ref. 15 ). In light of recent studies 21, 22 , these structures are potentially druggable states that can be directly employed to enrich rational drug discovery campaigns for µOR. To realize this potential, we trained supervised machine learning models that demonstrate significant improvement in two binary classifier tasks (Table 1) : (1) the ability to distinguish agonists from antagonists, and (2) the ability to distinguish binders from non-binders at µOR.
Specifically, random forests 23 , an increasingly prevalent machine learning tool in drug design, were deployed to connect structure to function. A database of opioids with known pharmacologies was docked to both the crystal structures as well as to a representative conformation of each state. The docking scores of each ligand to each MD conformation were then used as the input (E.D. Fig. 3 ), or feature matrix, to binary classifier 24 models for both agonism and binding at µOR.
Statistical Results and Small Molecule Discovery
This dually unsupervised and supervised ML-based synthesis of structural information from both crystallography and MD yielded statistically significant enrichment in both tasks. Model performance is evaluated using the Receiver Operating Characteristic (ROC) Area Under the Curve (AUC 24 ) and stratified cross-validation (Methods). Cross-validation is a pseudoprospective validation of the model which estimates the experimental performance on previously unseen query ligands. The new method -which incorporates docking to the MD states in addition to the crystal structures -achieved a median AUC improvement of 0.11 in agonism and of 0.15 in binding compared to the crystal structures alone (Table 1, E.D. Tables 4 and 5 ).
In contrast to many previous virtual screening approaches, which are predicated solely on ligandderived features, the machine-learning approach described here is based on the affinities of a given ligand toward each µOR conformation. As a further test of this method's robustness to agonism, scaffold splits were employed. Specifically, a series of models were trained in which analogs of either methadone or fentanyl were removed from the training data and placed in a held-out test set (Table 1, E.D. Tables 2 and 4) . In other words, none of these models had any a priori knowledge of methadone (or, alternately, fentanyl) analogs. Nevertheless, the models successfully distinguished both methadone-and fentanyl-derived agonists from random sets of antagonists. Analogous scaffold splits were defined for the binding prediction task, yielding comparable gains in AUC (Table 1 , E.D. Table 5 ). Therefore, since this method does not explicitly incorporate the chemical makeup of the ligand, it is in principle better equipped to discover new opioid-active scaffolds in addition to derivatives of existing ones.
In practice this method identified several novel opioid-active ligands that were verified experimentally. First, 133,564 small molecules from the Stanford Compound Library were docked to both crystal structures and the computationally modeled conformers of µOR. This step yielded a 133,564 row by 27 column feature matrix, where entry (i, j) is the docking score of the i'th ligand to the j'th conformational state. The two trained random forest models for binding and agonism were applied to each library ligand, yielding a final score computed from the product of the two values:
Both model performance and scaffolds of hits are highly sensitive to the pIC50 cutoff chosen for binary classifiers (E.D. Table 5 ). While models with a lower affinity threshold for binding generally have higher AUC, their top hits are more biased toward compounds with a tertiary, basic nitrogen similar to known scaffolds. Therefore, we used random forests models with a pIC50 cutoff of 8.0 (10 nM) to optimize for novel scaffold discovery.
The thirty highest scoring, immediately purchasable compounds were then experimentally assayed. At least three of the thirty compounds exhibited micromolar affinity for µOR (E.D. Figure 4 , E.D. Table 6 ). FMP4, because of its unique structure -namely, no basic amine or phenol -was characterized further in binding assays in opioid transfected cell lines. FMP4 had 3217±153 nM, 2503± 523 nM and 8143±1398 nM affinity at MOR-1, KOR-1 and DOR-1 respectively (E.D. Figure 5 ). FMP 4 was also a weak MOR-1 partial agonist in [
35 S]GTPγS functional assays. (E.D. Figure 6 ). Structurally similar FMP4-like compounds in the same data set were also characterized in binding assays and at least two compounds (FMP1 and FMP16) showed <10µM affinity at MOR-1 (E.D. Table 7) . Structure-activity studies using classical medicinal chemistry approaches using these templates as a starting point may lead to compounds with higher affinities at the receptor.
Based on these results, opioid prediction is enriched by incorporating conformational states that are unforeseeable from crystallography alone and stabilized by ligands in simulation. Notably, FMP4 is distinct from known opioid agonists and antagonists, with a maximum Tanimoto score of 0.44 to the ligands listed in E.D. Table 1 . Underscoring its difference is FMP4's lack of a basic tertiary amine and phenol, that are the hallmark of synthetic opioids, from classic to current experimental molecules 5, 7, 14, 25 .
Modeling predicts that FMP4 binds to and facilitates activation of µOR in a unique way. In particular, FMP4 has a relatively high docking score for MD State 3, calculated to be important for agonism and binding (E.D. Table 3 ). Note that tIC.1, the slowest tICA reaction coordinate, connects the two crystallographic states (Figure 1 ). In contrast, tIC.2, the second slowest tICA coordinate, is kinetically orthogonal to tIC.1 and defines several non-crystallographic states ( Figure 1b 6 .52 enable FMP4 to occupy a pose that would be sterically forbidden in the active crystal structure (Figure 1a) . In contrast to the co-crystallized agonist, FMP4 engages in a π-T interaction with W293
6.48 , a residue critical in gating µOR activation 10 , and a hydrogen bond with H297 6.52 . A PyMOL session and PDB files of each modeled µOR conformation is available in the Extended Data section, and further visualizations in E.D. Figure 1 .
Discussion
Put together, by enumerating the state space of µOR, one can query conformations of the receptor to motivate rational design with all-atom structural information. An ineluctable flood of data stems from MD, and it is a significant data science challenge to derive actionable knowledge from a vast dataset of simulation alone. One millisecond of MD saved at one frame per nanosecond would contain one million conformations, far too many to be viewed by expert eyes. Rather, by pursuing a kinetically-motivated statistical approach, it was possible to discover key conformations of the receptor within a tractable scope.
A key element of this approach is the estimation of the affinity of each ligand for each of several conformations of a receptor. These conformations are obtained in a single MD simulation prestep and span a structural basis set for the receptor's functionality. In contrast, induced fit docking [28] [29] [30] samples different conformations to estimate a single docking (affinity) score for the protein. However, its conformational sampling is spatiotemporally limited, extends only to the binding pocket, must be repeated for each ligand, and, by outputting a single number correlated with affinity it is intrinsically not targeted for predicting agonism.
The method described herein assists translational researchers in realizing a challenging goal: identifying novel GPCR drug scaffolds. Despite immense efforts in medicinal chemistry on synthesizing derivatives of existing chemotypes, all FDA-approved opioids are riddled with serious side effects that restrict their utility in treating acute and chronic pain. In this work, we describe a method to leverage crystallography and molecular modeling with machine learning to explore previously uncharted chemical space of molecules active at µOR. This approach is naturally applicable to any receptor which is expected to have any sort of conformational plasticity, including other GPCRs 31 , kinases, ion channels, and nuclear receptors. The ultimate goal of superior opiate therapeutics remains in the future, but now may loom much closer on the horizon. 
Extended Data Figure 2
Violin plots comparing the two methods' (docking to crystal structures alone versus docking to crystal structures and MSM states) AUC performance over 1000 random train-test splits.
Extended Data Figure 3
Visualization of a subset of the feature matrix (X matrix), the input to the machine learning algorithm. Each row is an opioid ligand, each column is a feature (docking scores to each of MD States 0-24 and to each crystal structure). Therefore, entry (i, j) in the matrix is the docking score of the i'th ligand to the j'th conformational state. For visualization, each row is normalized to mean zero and unit variance. Also for visualization, Rows (ligands) and columns (features) are also hierarchically clustered. Figure 4 . Screening of MOR-1 binders: Inhibition of 125 IBNtxA specific binding at MOR-1 was carried out at a single dose 10 µM concentration. Three compounds FMP1, 4 and 16 (circled) showed ≥30% inhibition of MOR-1 binding (red dotted line represents compounds showing≥30% inhibition). Each panel is a representative experiment that has been independently replicated at least three times. 
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Extended Figure Data 6: FMP4 is a partial agonist in [ 35 S]-GTPγS assays in MOR-1 expressing CHO cells.
Results are pooled from 3 independent replications and are expressed as mean ± SEM. FMP4 stimulates GTPγS binding at doses 1, 10 and 30 µM respectively and shows a ceiling effect consistent with partial agonism at the receptor in comparison to the prototypic full MOR-1 agonist DAMGO at 100 nM (one-way ANOVA followed by Tukeys post hoc comparisons test, *significantly different from control (p < 0.0001)). FMP4 at a dose of 30 µM also antagonized the GTPγS stimulation of 100 nM DAMGO consistent with its partial agonism at the receptor. Table 1 List of agonists and antagonists used to fit machine learned classifiers. All ligands and labels derived from Wikipedia (https://en.wikipedia.org/wiki/Template:Opioid_receptor_modulators), with some removed on advice by colleagues (cf. Acknowledgements section).
a)
Fentanyl analog ligands (test set):
Non-fentanyl-analog agonists (train set):
hydromorphone', 'ibntxa', 'ketamine', 'lefetamine', 'levophenacylmorphan', 'levorphanol', '14-methoxydihydromorphinone', '14-methoxymetopon', 'methyldesorphine', 'methyldihydromorphine', '6-methylenedihydrodesoxymorphine', 'metopon', 'mitragynine_pseudoindoxyl', '6-monoacetylmorphine', 'morphine', 'morphine-6-glucuronide', 'morphinone', 'mr-2096', 'oliceridine', 'oxymorphazone', 'oxymorphol', 'oxymorphone', 'pentamorphone', 'phenazocine', 'n-phenethylnordesomorphine', 'n-phenethylnormorphine', 'phenomorphan', '14-phenylpropoxymetopon', 'picenadol', 'pzm21', 'racemorphan', 'ro4-1539', 'sc-17599', 'semorphone', 'thienorphine', 'tilidine', 'trimu_5', 'viminol']
Antagonists:
['levallorphan', '6beta-naltrexol-d4', 'beta-chlornaltrexamine', 'beta-funaltrexamine', 'alvimopan', 'at-076', 'axelopran', 'bevenopran', 'clocinnamox', 'cyclofoxy', 'cyprodime', 'eptazocine', 'ly- Table 2 a)
A scaffold split was defined in which (1) agonist ligands with a Tanimoto score of ≤0.5 compared to fentanyl were placed in a train set, (2) agonist ligands with a Tanimoto score of ≥0.7 compared to fentanyl were placed in a test set, and (3) antagonists were randomly distributed between the train and test sets.
b) A scaffold split was defined in which (1) agonist ligands with a Tanimoto score of ≤0.5 compared to methadone were placed in a train set, (2) agonist ligands with a Tanimoto score of ≥0.7 compared to methadone were placed in a test set, and (3) antagonists were randomly distributed between the train and test sets. Table 3 Random Forest average Gini impurity reduction ("importance") of each feature (MD State, Crystal Structure) for a) distinguishing between opioid agonists and antagonists and b) distinguishing between binders and non-binders from µOR.
Extended Data Table 4
Docking to both MD states and crystal structures statistically significantly improves ability over crystals alone to distinguish µOR binders from non-binders. Table 5 Docking to both MD states and crystal structures statistically significantly improves ability over crystals alone to distinguish µOR binders from non-binders. Table shows median ROC Area Under the Curve (AUC) performance over the validation set over 1,000 train-valid splits for different split and model types. Differences between crystal lone and crystal + MD structures methods are considered statistically significant if the lower bound of a 99% Wilson scoring confidence interval (CI) is greater than 0.5. Note that, for each dataset, incorporating MD-derived structures in addition to the crystal structures confers a statistically significant improvement in ability to distinguish binders from non-binder as measured by AUC. Notably, when molecules with similar scaffolds (as measured by a Tanimoto similarity score of > 0.7) are removed from the training data, models remain able to distinguish binders from nonbinders. This indicates that models fit in this way have the capacity to discover new opioid scaffolds in addition to derivatives of existing ones.
Datasets consist of compounds with experimentally known values of binding affinity to µOR according to Chembl, Wikipedia, and other publicly available sources (full list of ligands in this dataset available in supplemental files). Datasets termed "Measured Ki" include only those compounds with a real-numbered Ki value listed in Chembl; datasets termed "All" also include compounds that have no listed Ki but are termed "Not Active" by Chembl. Therefore, "Measured Ki" datasets are subsets of the "All" series of datasets. Binders are considered to be compounds with a pIC50 greater than some cutoff (listed in the "Dataset" table) and non-binders with a pIC50 lower than that same cutoff. For example, "All, pIC50 cutoff = 7.0" indicates a dataset wherein (a) both ligands with a measurable pIC50 < 7.0 and those listed as "Not Active" in Chembl are considered non-binders, and (b) both ligands with a measurable pIC50 ≥ 7.0 and other known agonists and antagonists from Wikipedia are considered to be binders. 
